We consider a multi-user multiple-input multiple-output (MU-MIMO) system that uses orthogonal frequency division multiplexing (OFDM). Several receivers are developed for data detection of MU-MIMO transmissions where two users share the same OFDM time and frequency resources. The receivers have partial state information about the MU-MIMO transmission with each receiver having knowledge of the MU-MIMO channel, however the modulation constellation of the co-scheduled user is unknown. We propose a joint maximum likelihood (ML) modulation classification of the co-scheduled user and data detection receiver using the max-log-MAP approximation. It is shown that the decision metric for the modulation classification is an accumulation over a set of tones of Euclidean distance computations that are also used by the max-log-MAP detector for bit log-likelihood ratio (LLR) soft decision generation.
I. INTRODUCTION
As the demand for wireless communication increases, there is a greater challenge for improving network capacity. Allocating more spectrum by the aggregation of several component carriers is a method used to increase the delivered peak data rate and capacity [1] . However, carrier arXiv:1502.00212v1 [cs.IT] 1 Feb 2015 aggregation comes at a substantial capital expenditure as the cellular network operators require first the acquisition of new spectrum and second the associated high network deployment costs to bring these new networks to commercial service. An alternative to spectrum expansion is to exploit the spatial dimension using multiple antennas at the transmitter and receiver, also referred to as MIMO [2] , which has been successfully used to increase the link throughput and network capacity for several wireless communications standards [3] - [6] . Amongst the many transmission modes of MIMO [7] , multi-user MIMO (MU-MIMO) was proposed as a method for increasing the capacity of a wireless network [8] . In the LTE standard as an example, which uses MIMO and orthogonal frequency-division multiplexing (OFDM), multiple users on the downlink or uplink can be scheduled for transmission on the same physical resource blocks (PRBs) [9] . The users are paired together such that their cascaded precoder-channel vectors are as orthogonal as possible. Therefore, the capacity is doubled by having the two users share the same time and frequency resource elements. In the downlink, the base station sends pilots over the resource blocks where the users are co-scheduled which are used to estimate the full MU-MIMO channel.
For example, in transmission modes 7, 8, and 9 of the LTE standard, the base station transmits pilots with orthogonal cover codes that enable the estimation of the desired and co-scheduled users' channels. The inability of the two users' signals to appear as orthogonal waveforms to the receiver stems from: (1) the finite set of available precoders specified by the standard (to satisfy limited information feedback to be transmitted in the case of frequency division duplex systems) result in non-orthogonality between the users, and (2) during the potential delay between when users are co-scheduled and when the MU-MIMO transmission occurs, the channel state would have changed and thus the orthogonality between the users is lost, typical in the case of high Doppler scenarios. The receivers have only partial state information, since each user receiver has the ability to estimate the MU-MIMO channel, however the modulation constellation of the co-scheduled user remains to be unknown.
Several receiver processing methods at the user equipment (UE) have been proposed for MU-MIMO systems. One approach is to treat the co-scheduled user in MU-MIMO just as additional noise. This type of processing results in sub-optimal receiver performance as depicted in [8] .
Another approach is to employ linear processing using minimum mean-squared error (MMSE) or interference rejection combining (IRC) as shown in [10] , where only the knowledge of the channel estimate of the co-scheduled interfering user is used in the detection of the desired user. In [11] , [12] , the constellation size of the interfering user's signal is presumed to be 16-QAM regardless of its actual size, and without making any attempt to estimate it, an maximum likelihood (ML) detector is used to separate the two users.
In this work, we consider optimal detection methods for MU-MIMO systems. We argue that detection performance can be enhanced if the UE receiver treats the co-scheduled user's signal as a constrained unknown to be estimated rather than just as additional random noise. We employ joint/conditional ML detection, where the constellation size of the co-scheduled user's signal needs to be estimated first before symbol detection and decoding are performed. We address the co-scheduled user's constellation size estimation problem as part of advanced MU-MIMO detection techniques. We show that the optimal MU-MIMO detector can be efficiently implemented with a slight modification of the ML MIMO detector.
The rest of the paper is organized as follows. The system model is described in Section II. Linear receiver methods are discussed in Section III, while the proposed joint optimal constellation size estimation and detection scheme is presented in Section V. In Section VI, an efficient hardware architecture for the proposed MU-MIMO receiver is presented. Section VII discusses simulation results, while Section VIII concludes the paper. 
II. SYSTEM MODEL
Consider a generic OFDM-based MU-MIMO system where K users are scheduled on the same PRBs. Denote by N the number of tones in each PRB, and assume that each UE is equipped with N r antennas. The received frequency-domain complex signal y i ∈ C Nr×1 at the UE of interest on the ith resource element over which the K users are scheduled is given by
where H i ∈ C Nr×K is the complex channel matrix, x i denotes the transmitted K × 1 QAM symbol vector for K users, and n i ∈ C Nr×1 denotes thermal noise modeled as a zero-mean complex Gaussian random vector with covariance matrix E[n i n *
We consider the practical example where K = N r = 2, so that the received signal at the ith resource element can be written as follows
where
2 , and h
2 denote the cascade of the channel and the precoders of the user 1 and user 2, respectively.
Let user 1 denote the user of interest while user 2 denote the interfering (co-scheduled) user whose constellation size is unknown to user 1. Denote M S and M I as the constellations of user 1 and user 2, respectively, and N as the number of resource elements over which M I is constant.
The symbols x 
III. LINEAR RECEIVER METHODS
Two linear detection methods for MU-MIMO based on IRC are considered. They differ in terms of their complexity and performance.
A. Covariance-based Linear Receiver
This receiver structure estimates the interference covariance matrix using knowledge of only the desired user's channel, thus having least knowledge about the co-scheduled user. Denote
and y p as the known pilot and received vector, respectively, on the pth tone, where p = 1, 2, · · · , N p and N p is the number of pilot tones amongst the set of N tones over which the two users are co-scheduled. Then, the interference sample covariance matrix is estimated as
1 . Note that there is a single interference covariance matrix generated per PRB, i.e. R uu is a sample covariance, obtained by averaging over the pilot tones in the PRB and thus is independent of the tone index i. The weight vector for the linear receiver is given by [2] w
The desired user receiver applies this weight vector (1) to the received vector to obtain w (i) * 1,cov y i z 1,cov , which is a scalar used to generate the soft decision metric for decoding.
B. Linear IRC Receiver
An improvement over the covariance-based linear receiver is obtained wherein the UE receiver uses estimates of both the desired channel as well as the co-scheduled user's channel. We arrive at an IRC weight vector that is given by [10] 
The desired user receiver processing is obtained by
which can be approximated by a complex Gaussian random variance, i.e. p z
where the mean and variance are given by
The LLR of the jth bit of the desired user QAM symbol x (i) 1 using the max-log-MAP approximation is given by
IV. REDUCED COMPLEXITY CONSTELLATION SIZE ESTIMATION
We estimate the constellation size of the co-scheduled user by nulling out the unknown signal of the user of interest using a linear filter. The equivalent system after applying this linear filter to the received vector is given by the following single-input single output relatioñ
where g i ∈ C 2×1 is chosen to be orthogonal to h
The nulling filter is given by g i = Gc, where c is a 2 × 1 combining vector and G is the left null-space projection matrix given by [13] 
.
Since G has rank 1, the combining vector can simply be c = [1 0] T .
Next, the ML estimate of the constellation is obtained based on the filtered received signalỹ i and can be approximated aŝ
where log(·) is the natural logarithmic function and M {∅, 4-QAM, 16-QAM, 64-QAM} denotes the set of allowable constellations that the interferer can assume, including the case when the co-scheduled user is not present, i.e. ∅. The derivation of (2) is omitted here as it follows closely the development of the next section. Once the co-scheduled user constellation, M I , is estimated, then the LLR are generated as shown in the next section.
V. JOINT CONSTELLATION SIZE ESTIMATION AND DETECTION
The key idea is to better exploit the diversity offered by the two receive antennas. We develop an optimal receiver for user 1 based on a step of estimating the modulation constellation of user 2 using the received signal y i and knowledge of the channel. We derive the ML estimate of the constellation size based on the received signal itself y i instead of a reduced-dimension version obtained as was done in Section IV. The optimal ML estimator will inherently average out the unknown desired signal using knowledge of its constellation size, and yields better results than just nulling out the unknown signal. The new ML estimate of the constellation of the interfering user based on
is given bŷ
Since x
2 and n i are independent for i = 1, · · · , N , the ML estimate of the interferer's constellation can then be written aŝ
= arg max
where |M I | denotes the size of the interfering user constellation. The last equality follows from the assumptions that
, we can then writeM I aŝ M I = arg max
Using the max-log-MAP approximation, we have that
The simplifications to (3) will become evident in the receiver implementation Section VI. As seen from (3), the modulation classification metric is sum over the set of tones, N , over which the co-scheduled user is stationary, of the Euclidean distance between the received vector and the symbol 2-tuple x
Once the co-scheduled user's constellation,M I , is estimated, then the LLR of the jth bit of the desired user QAM symbol x (i) 1 using the max-log-MAP approximation is given by [14] Λ (b ij ) = min
where M For each tone to be detected, the minimum distance from each list is passed to an adder that accumulates the minimum distances over a span of N tones, during which the interferer modulation is assumed to be static. The resulting 4 minimum accumulated distances for each interferer hypothesis are stored in a buffer. The minimum from this buffer is used to identify the interferer's constellation, and the corresponding stored distances in the buffers are selected and forwarded for LLR processing according to (4) . Taking the LTE scenario for hardware complexity analysis, the total number of possible tones in 1 PRB in a subframe is 12×14 = 168. Of these tones, 28 are reserved for pilots (for cell specific reference signals and for UE specific pilots to support the MU-MIMO transmission mode), and 140 for data. In the hardware architecture of Fig. 1 , the total number of distance computations needed to generate the LLRs from these 140 data tones is 140×|M S |. This corresponds to an increase of only 22.8% compared to the distances computed by an ML detector with perfect knowledge of the interferer.
VII. SIMULATION RESULTS
The performance of the null projection method of Section IV is compared to the proposed method of Section V. We simulate the probability of correctly detecting the constellation size of the interfering user for different desired and interfering constellation sizes. The received desired user power is assumed to be equal to the received interfering user's power, i.e. the signal-to-interference ratio (SIR) is [0]dB. The channel is generated as a zero-mean complex Gaussian circularly symmetric with unit variance, independent and identically distributed (i.i. largest for small constellation sizes of the desired signal, i,e. the largest gain is attained when the receiver complexity is minimal.
Next, the performance of the ML modulation constellation classification scheme for different values of N is investigated. In Fig. 4 we compare the constellation size detection performance with N = 1 (i.e. a single resource element), 12 and 24 for |M S | = 4 and different interference constellation sizes. Figure 4 shows that N = 12 resource elements are adequate for robust detection of the interferer's constellation size. This will be exploited later in the receiver architecture to reduce computational complexity and memory requirements.
Remark: It could be said that increasing N should always improves the performance due to better noise averaging. However, from (3), we find that, in addition to noise, we have residual errors in the minimization of the quadratic term in (3). This residual error occurs when the x i that minimizes the quadratic term is different from the originally transmitted x. The main reason for these errors is that the noise exceeds the minimum distance of the lattice constructed by the set of all symbol vectors x i . Interestingly, we notice that the detection performance with N = 1 is better than that with N = 12 and 24 for very low SNR. This can be explained by the fact that adding more samples (increasing N ) would add more noise than signal when the SNR is very low. Hence, it would be better if fewer samples are used for the detection.
The BLER performance of the various receivers are compared when both users use 64-QAM, with the turbo code of [15] and encoding rate 1/2 using block size 6144 bits. Figure 5 shows the results for the case of the pedestrian-B (Ped-B) multi-path channel model with no antenna correlations [16] . Figure 5 shows that the joint ML classification and detection method is about r , where H c is channel whose entries are uncorrelated and generated according to the Ped-A model, R t and R r are the transmit and receive antenna 2×2 correlation matrices, respectively, which have 1 on the diagonal entries and 0.9 on the off-diagonal. As seen in Fig. 6 , the nulling and MMSE methods have significant performance degradation as compared to the joint ML method.
VIII. CONCLUSIONS
A receiver for MU-MIMO transmission in the context of OFDM where two users share the same time and frequency resources has been developed. This receiver is based on the joint ML modulation classification of the co-scheduled user and data detection which outperforms linear receiver approaches. It has been shown that using the max-log-MAP approximation, the decision metric for the modulation classification is an accumulation over a set of tones of the Euclidean distance metrics which is also used in the detector for LLR computations. An efficient hardware architecture emerges that exploits this commonality between the modulation classification and data detection steps and results in a sharing of hardware resources. 
